The actual capacity of the battery is an important indicator for calculating the health state and the remaining power-driven mileage. In this paper, an adaptive model algorithm based on equivalent circuit model is used to estimate the capacity of battery. First, a reasonable and effective second-order resistancecapacitance (RC) network equivalent circuit model is established. Second, the adaptive model algorithm based on an equivalent circuit model is employed. The capacity is calculated by the ratio between the accumulated ampere hour (Ah) and state of charge (SOC) difference. The SOC is obtained accurately mainly by the adaptive extended Kalman filter (AEKF). Finally, a comprehensive experimental schedule is designed to acquire the test data and verify the proposed method. The results manifest that after the estimated results tend to be stable, and the absolute error of SOC and capacity estimation are less than 1% and 0.1 Ah, respectively.
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Introduction
Electric vehicles (EVs) have been widely recognized in the automotive industry due to their environmentally friendly performance, as well as their great contribution to solving environmental problems such as decrement of greenhouse gas emissions [1] . Lithium-ion batteries exhibit advantages of high energy density, high power density, long lifetime, and low self-discharge rate [2] , and have been widely regarded as the ideal energy storage systems in EVs. The available capacity of the battery refers to the maximum electric energy that the battery can be charged or discharged under certain conditions [3] . However, the actual available battery capacity varies with the battery cycling and ambient temperature. As an important feature of battery, the battery capacity is an important indicator to measure the aging and healthy state of battery, and shows the same important significance as state of charge (SOC). In addition, it shows strong correlation with other state variable, and are complementary for each other [4] [5] .
In recent years, a variety of capacity estimation methods have been proposed. The easiest way to determine battery capacity is to conduct a discharge test until reaching the cut-off voltage of the battery specified by the manufacturer [6] , however this method is not suitable for the on-board estimation. The empirical aging modeling is adopted to predict the decay of battery capacity through the knowledge of battery operating history [7] , nonetheless it requires considerable time-consuming test for identifying the model and its parameters. In [3] , the adaptive modelbased method is introduced to estimate the battery capacity, which is divided into the equivalent circuit model-based method and electrochemical model-based method. Compared with the equivalent circuit model, the collaborative estimation method of state and capacity based on the electrochemical model is less employed [8] . The equivalent circuit model is an ideal choice for the battery capacity estimation due to the rational trade-off between complexity and accuracy. In addition, to track the state variables of the equivalent circuit model, filtering techniques are developed. Different adaptive filters, such as the extended Kalman filter (EKF) [9] and particle filter (PF) [10] , have been successfully applied to the battery capacity estimation. However, these methods are complex, computationally expensive and unstable.
Paper structure 2.1 Battery modeling
Since the lithium-ion battery is a high nonlinear electrochemical system with complex physical and chemical reactions, it is difficult to obtain a completely accurate battery model. In view of complexity and accuracy of the model, in this study a second-order resistance-capacitance (RC) equivalent circuit is established, as shown in Fig. 1 
The second-order RC equivalent circuit model Based on Fig. 1 , the following state space function can be built, as:
where T ∆ denotes the sampling time, 
Algorithm of battery capacity estimation
Based on the mathematical analysis introduced in [11] , the battery capacity is estimated by the inverse process of the ampere hour integration method, as:
where ˆa C denotes the estimated the capacity, ( ) i t represents the battery current, 0 t is the estimation duration, Q ∆ and SOC  express the accumulated amount of electricity and SOC difference within the interval time 0 t . Equ. (3) can be discretized as:
where s L is the set time period, i.e., the number of samples. Obviously, after obtaining k Q ∆ and k SOC  within the interval Ls, the estimated value of the battery capacity at time k can be directly calculated. The SOC is obtained by an AEKF algorithm in this paper, of which the detailed description can be found in [12] . By establishing the accurate battery model, the accurate OCV-SOC function is obtained to ensure the precise calibration and correction of the battery SOC, thereby eliminating the influence of inaccuracy capacity, thus improving the SOC estimation precision. Apparently, Equ. (6) shows that when the SOC changes slightly in the data segment, it is easy to cause drastic changes in capacity estimation results. To eliminate influence, a variety of boundary conditions are preset to ensure the accuracy and stability of the algorithm, including: (1) Set the length of the period Ls. A certain preparation time is reserved to accumulate sufficient charging and discharging data. (2) Limit the range of SOC difference. When it is above a certain threshold, the battery capacity estimation is started. (3) Set limits on the rate of change of capacity. Since the battery capacity does not change abruptly in normal use, the capacity estimation convergence coefficient ρ is used to evaluate the reliability of capacity estimation, as:
where ρ denotes capacity estimation convergence coefficient, and δ represents the convergence range,
i.e., 2%.
Experiment
A 18650 lithium-ion battery is tested and the basic parameters of the cell are listed in Table 1 . The experimental test system is shown in Fig. 2 , which includes a battery cycler, a thermal chamber for controlling ambient temperature, and a host computer for configuring test programs and recording data. The flow chart of the battery experiment process is shown in Fig. 2 . The characteristic test and aging test are carried on the battery. 
Figure 2
Experimental test procedure and test system
Results and discussion
Given the limited space available, the testing data of battery processed by 30 cyclic aging experiments under the UDDS cycle are used to evaluate the accuracy of the combined estimation of the battery SOC and capacity based on the proposed algorithm. The actual capacity of the battery is 2.53 Ah. s L is set to 540 s. The initial value of the capacity in this algorithm is set to 2.4 Ah. Since the capacity estimation is initialized after 540s, the maximum capacity within 0 to 540 s is set as 2.4 Ah by default. The SOC estimation results with initial SOC of 60% (accurate initial SOC is 100%) is shown in Fig. 3 . After stabilization, the absolute error of the estimation is kept within 1%. The measured and estimated voltages versus are presented in Fig. 4 . The absolute error remains within 15 mV, close to the actual measurement. To verify the estimation accuracy of capacity under the condition of accurate initial SOC value, the initial SOC value of 80% or less in Fig. 5 is randomly selected to estimate capacity and its estimation results and corresponding error are shown in Figs. 5 and 6, respectively. Fig. 6 shows that the estimated error after starting capacity estimation is within 0.1 Ah. The estimation accuracy of voltage, SOC and battery capacity are all ideal under the condition of initial precise SOC value. Fig. 7 shows the estimation results based on 60% initial SOC value and with error of 40%, indicating that after 1500 s, the estimated value began to be stable and the estimation accuracy is clearly guaranteed. After that, it becomes stable, and the absolute value error is always lower than 0.15 Ah, as shown in Fig. 8 . In summary, this algorithm is immune to the inaccurate SOC initial value, and the initial error only affects the number of iterations that need to reach the stable estimation. In this manner, the feasibility of the proposed algorithm is verified. 
Conclusions
To prevent battery over-discharge and extend battery lifetime, the minimum SOC is generally not less than 20%. However, the experimental results show that there is little difference on the OCV-SOC relationship under different aging stages within the range of SOC above 20%. The method proposed in this paper has a high accuracy on the battery capacity estimation. The SOC is estimated by the AEKF algorithm, and its absolute error is within 1% after stable. In the process of the battery capacity estimation, the influence of SOC initial value on available capacity estimation is considered, and the results show that this algorithm is not sensitive to inaccurate SOC initial value, proving its feasibility. 
